Abstract-The overlay network approach is an emerging technique to satisfy the strict requirements for various real· time multimedia senices. However, onrlay networks suffer from a shared congestion problem since each unicast flow may interfere with each other in the common underlying links. Most previous techniques to detect shared congestion have limitations when applied as a general solution, since they assume perfect synchronization between probing packets. However, our recent work shows that a technique based on wavelet denoising can onrcome the limitations by mitigating the interfering effects such as synchronization offset and the random fluctuations of queueing delay; the proposed technique pro\ides a more robust and accurate detection in the presence of a large amount of synChronization offset. In this paper, wavelet denoising is tailored to the characteristics of queueing delay on packet networks. The wavelet denoising based technique is verified through extensh'e simulations. The efficacy of the proposed approach is demon· strated by the detection accuracy and connrgence speed. There are two possible measures that can be used to decide the shared congestion status from feedback: packet loss and delay. A packet loss based approach was proposed in [I], and a delay based approach was proposed in [2] . However, the perfect synchronization requirement for both approaches leads to limitations when they are applied as a general solution.
Application of Wavelet Denoising to the Detection of Shared Congestion in Overlay Multimedia Networks
Taekhyun Kim", YongJune Shin", Edward 1. Powers', Min Sik Kimi, and Simon S. Lamt [2] . However, the perfect synchronization requirement for both approaches leads to limitations when they are applied as a general solution.
Since both approaches assume a common· source or a common destination, and a synchronization point for measuring delay data, they are susceptible to synchronization offset between probed data from two paths. Thus, they cannot be proper solutions for more general overlay topologies with mUltiple sources and multiple destinations.
Hence, in order to resolve the problems of the state-of· the-art techniques to detect shared congestion, a wavelet· based approach has been applied to the packet delay to detect shared congestion [3}. In this paper, the application of wavelet denoising to the multimedia network will be discussed with emphasis on the signal processing perspective. The wavelet denoising of the packet delay data allows one to filter the signal in terms of time and scale so that the filtered data is less affected by the I time synchronization offset and random queueing delay fluctuations. 
The shared congestion detection problem is to tell whether congestion occurs between Sand 'J'. A simple but key observation is that the delay of a congested link has large fluctuations due to queueing delay changes, and if it occurs between Sand T, Dx and D}· will be highly correlated. For example, if both dx and dy are constant and ds is not constant, the cross-correlation coefficient (XCOR) will be one. and if ds is constant, and dx and dy vary independently, it will be zero.
This naive cross-correlation approach is simple and seems reasonable as a measure to detect shared congestion, but it may be inaccurate due to random fluctuations of delay caused by mild congestion on non-shared links. It also requires the delay data to be probed with "perfect" synchronization.
If synchronization offset is increased, the cross-correlation value drops drastically even for highly correlated delay data pair. Therefore, the interfering effects should be mitigated by wavelet denoising technique so that a shared congestion detection algorithm can be applied [0 more general topologies.
In the following section, we discuss the nature of network delay time series data, and the application of wavelet denoising to the data.
III. WAVELET DENOISING FOR DETECTING SHARED

CONGESTION
The frequency spectrum of the data vanes in a dynamic fashion as the network traffic status changes, thus the network delay can be considered non-stationary. Figure 2 in time between these two cases depending on the network traffic status. Therefore, any attempt to mitigate the interfering effects, such as synchronization offset and random queueing delay fluctuations, should be based on both time and frequency analysis, e.g., the wavelet transform.
The wavelet transform represents a non-stationary signal in terms of tirue and scale. A signal. x(t), can be represented as an orthonormal expansion with wavelet basis 'lj;i,At) = 2-i/2'1j;(2-it -j) as follows [5]:
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Note that X; is the discrete wavelet transform of signal x(t)
at scale i and at translation j. Wavelet denoising removes noise components from the noise-corrupted signal by suppressing those wavelet coeffi cients of the signal which fall below a threshold. In this paper, soft thresholding is employed [6]. Wavelet denoising is based on the fact that white noise is evenly distributed over the wavelet coefficients; thus, suppressing the wavelet coefficients below the noise level can eliminate the noise from the original signal. In this paper, the interfering effects such as synchronization offset and random fluctuations are regarded as "noise;' and the congestion related information is regarded as the original "signal."
However, the traditional wavelet denoising, which assumes white noise as the background noise, must be adjusted for our application to the detection of shared congestion. Since the power spectrum of the delay data with light traffic almost appears as white noise, as indicated in Figure 2 , the traditional wavelet denoising technique is likely to eliminate most of this type of signal. thus leading to a meaningless result.
Therefore, it is necessary to adjust the wavelet denoising approach according to the nature of the network delay data.
In recent literature concerning Internet traffic, the nature of the network traffic data is investigated in terms of time and scale distributions using the self-similarity of the data [7]- [9] . Particularly, in [8] , the "energy" contained in each scale of the 
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wavelet domain is used to interpret the network status. For the wavelet coefficients Xj for the delay data x(t), the "energy" at scale i is defined as follows:
where ni is the total number of coefficients at scale i. In [8] , [1OJ, it is shown that the self-similar traffic has a linearly increasing relationship between log2(E;) and scale i at large values of scale i (lower frequency), and queueing delay is assumed to be the main cause for this linear relationship.
Hence, it is reasonable to conclude that the energy contained at large scale i is associated with congestion.
Consequently, the congestion-related packet delay data can be localized at the scale of interest by choosing wavelet co efficients from those large scales. Then the remaining wavelet coefficients at smaller scales are denoised by the traditional wavelet denoising . Thus, by keeping the coefficients from large scales, we can prevent the denoised delay data from becoming meaningless when there is just slight congestion.
Also, we can make our detection algorithm more robust to the interfering effects such as synchronization offset and random queueing delay fluctuations by denoising the coefficients at smaller scales.
In this paper, the wavelet coefficients from the upper half of the scales are kept for conserving congestion-related information, and the other coefficients are denoised. After denoising in the time and scale domain by the proposed wavelet denoising-based technique, the delay data from both paths are reconstructed from the selected coefficients. Then, the XCOR value between the two reconstructed delay data is calculated, and, by comparing the XC OR value to the threshold value, it can be determined whether the two paths share a common congested link. Table I .
For both cases, the XCOR values are not clearly distinguish able before the wavelet denoising, but the wavelet denoising distinguishes both cases clearly. This is because the wavelet denoising smooths the time series so that XCOR values after denoising become insensitive to synchronization offset.
Furthermore, it also retains the high frequency components at those times when a strong transient peak occurs, in order to avoid the denoised time series being overly-blurred, and this explanation is verified by the comparison with a simple low-pass filter in the next section.
IV. EXPERIMENTAL RESULTS
I
The performance :evaluation of the wavelet-based approach is conducted by comparing the receiver operating characteristic (ROC) with 500 delay data sets. The ROC consists of a plot of probability of derection, Pd, vs. probability of false alarm, Pj. For the threshold value of cross-correlation TXCOR, Pd and PI are defined :as follows. In Figure 5 , the effects of wavelet denoising on detection accuracy are compared by the ROC with 500 IDS synchro nization offset. The solid curve represents the ROC with the wavelet denoising, and the dashed curve represents the ROC without the wavelet denoising . The ROC area for 'after wavelet denoising' is 0.940, while the ROC area for 'before wavelet denoising' is 0.821. This implies that the wavelet-based de tection algorithm exhibits almost ideal detection performance even with 500 ms synchronization offset, whereas the detection performance without the wavelet denoising is unreliable.
Wavelet denoising works as a low-pass filter with severe congestion. However, simple low-pass filtering may not work with light traffic. Without congestion, for instance, near-zero cross correlation is expected since the delay signal will be dominated by random queue behaviors. The wavelet denoising preserves those dominant high-frequency components, result ing in a low XCOR value. On the other hand, low -pass filtering may over-blur the delay signal.
To verify the effect of wavelet denoising, the convergence speed of wavelet denoising and a simple low-pass filter, i.e., moving average, is compared. To compare the accuracy of each technique, we define a new metric as follows. For a fair comparison, the span of the moving average O. J sec.) was selected so that its effect on the synchronization offset is similar to that of wavelet denoising shown in Figure 5 . In Figure 6 , we plotted the Positive Ratio for wavelet denoising (WDN) and moving average (MA) techniques over 100 exper iments for shared congestion and independent co ngestion as time progresses.
The moving average increases the correlation. Thus, the positive ratio of moving average with shared congestion is very close to one from the beginning. However, the positive ratio of moving average with independent congestion is incorrectly near one for 30 seconds before it begins to drop to its correct value of zero. On the other hand, the modifi ed wavelet denoising case is always close to one for the shared congestion case, and quickly (after 3-4 seconds) approaches the correct value of zero for the independent congestion case. In this paper, we discussed the feasibility of wavelet de noising to detect shared congestion in overlay networks, and suggested a modification of wavelet denoising for the network delay data. From Figs. 5 and 6, one can conclude that the modified wavelet denoising technique is robust to synchro nization offset and queuei ng delay fluctuations, and exhibits faster convergence. In addition , the accuracy of the detection is enhanced via the wavelet denoising. This successful result is due to the ability of the proposed wavelet denoising to reduce the interfering effects such as synchronization offset and random queueing delay fluctuations. We believe that many multimedia overlay systems can utilize network resources more effectively by the use of the proposed wavelet denoising technique.
